Inter-residue distances derived from fold contact propensities correlate with evolutionary substitution costs by Williams, Gareth & Doherty, Patrick
BioMed  Central
Page 1 of 5
(page number not for citation purposes)
BMC Bioinformatics
Open Access Research article
Inter-residue distances derived from fold contact propensities 
correlate with evolutionary substitution costs
Gareth Williams* and Patrick Doherty
Address: Wolfson Centre for Age-Related Diseases, The Wolfson Wing, Hodgkin Building, Kings College London, London SE1 1UL, UK
Email: Gareth Williams* - gareth.2.williams@kcl.ac.uk; Patrick Doherty - patrick.doherty@kcl.ac.uk
* Corresponding author    
Abstract
Background: The wealth of information on protein structure has led to a variety of statistical
analyses of the role played by individual amino acid types in the protein fold. In particular, the
contact propensities between the various amino acids can be converted into folding energies that
have proved useful in structure prediction. The present study addresses the relationship of protein
folding propensities to the evolutionary relationship between residues.
Results: The contact preferences of residue types observed in a representative sample of protein
structures are converted into a residue similarity matrix or inter-residue distance matrix.
Remarkably, these distances correlate excellently with evolutionary substitution costs. Residue
vectors are derived from the distance matrix. The residue vectors give a concrete picture of the
grouping of residues into families sharing properties crucial for protein folding.
Conclusions: Inter-residue distances have proved useful in showing the explicit relationship
between contact preferences and evolutionary substitution rates. It is proposed that the distance
matrix derived from structural analysis may be useful in aligning proteins where remote homologs
share structural features. Residue vectors derived from the distance matrix illustrate the spatial
arrangement of residues and point to ways in which they can be grouped.
Background
The large number of protein crystal structures available
has naturally led to statistical analyses of protein folding
and protein interaction in the hope that these will point
to intrinsic residue characteristics and therefore serve as
aids in protein fold and interaction prediction. The first
such analysis was performed by Miyazawa and Jernigan
[1-3], where a statistical protein folding potential, the MJ
matrix, was deduced from residue contact propensities in
a set of monomeric protein crystal structures. The MJ
matrix has been used in various in silico folding experi-
ments, reviewed by Jernigan et al [4], and shown to point
to the essentially hydrophobic nature of folding interac-
tions [5]. An analysis of the MJ matrix has enabled the
reduction in sequence complexity by grouping residues
into families [6]. A more detailed study of crystal interac-
tions focusing on hydrogen bond distributions has
resulted in mean force potentials that have been success-
fully used in ligand prediction [7]. It is reasonable there-
fore to conclude that the statistical approach has pointed
to an intrinsic residue:residue potential. In this study we
will show that crystal contact statistics can be used to
define an inter-residue similarity score that is strongly cor-
related with an evolutionary substitution cost. As this
score is not based on aligning homologous proteins it can
serve as a complement to similarity scores derived from
Published: 18 October 2004
BMC Bioinformatics 2004, 5:153 doi:10.1186/1471-2105-5-153
Received: 02 June 2004
Accepted: 18 October 2004
This article is available from: http://www.biomedcentral.com/1471-2105/5/153
© 2004 Williams and Doherty; licensee BioMed Central Ltd. 
This is an open-access article distributed under the terms of the Creative Commons Attribution License (http://creativecommons.org/licenses/by/2.0), 
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.BMC Bioinformatics 2004, 5:153 http://www.biomedcentral.com/1471-2105/5/153
Page 2 of 5
(page number not for citation purposes)
substitution matrices when faced with the problem of
aligning remotely homologous but structurally similar
proteins.
The observation that evolutionarily close residues appear
to have similar contact propensities leads us to postulate
that the extent of similarity between the contact propensi-
ties corresponding to two particular amino acids is related
to the ease with which these amino acids can be mutated
into each other. We define the contact propensity as
, where Nij is the number of possible pairings
between residue type i and residue type j and Cij is the
number of these parings corresponding to residues in con-
tact. Only non-neighbouring residues on the protein
chain are considered and a pair of residues is defined to be
in contact if any of their side chain atoms are within a
given distance of each other. The difference in contact pro-
pensities for two amino acid types can be measured by
their rms difference and we define
 as our amino acid difference
measure or distance matrix.
If we have really got a measure of the distances between
residue types then it should follow that residues sharing
physical properties are close together. More crucially, we
expect that residues that are distant according to D(P) will
be difficult to mutate into one another and vice versa. This
is because the factors involved in determining mutation
rates are dominated by those affecting the structural integ-
rity of the protein. Such factors are residue hydropathy,
size, charge and etc. Substitution matrices such as PAM
and Blosum are determined from mutation rates in
aligned protein sequences [8,9]. We can define an amino
acid distance matrix in a similar way to Dij above.
That is,  , where S is the sub-
stitution rate matrix. We show below that D(P) is indeed
strongly correlated with D(S). It must be stressed that
D(P) and D(S) are independently derived, with one based
on structure and the other on sequence alignment. Their
strong correlation is indicative of the validity of our defi-
nition of inter-residue distance.
Relating amino acids through a structurally defined dis-
tance measure should provide a useful tool for aligning
remotely homologous protein sequences. Also, a distance
measure naturally leads us to look for a vector representa-
tion of the amino acids. In much the same way as average
hydropathy plots are useful in structural analysis we
expect that average vector profiles will also pick out vari-
ous structural features. Given a vector for each residue
type we can visualise the residues in some abstract space
and look for natural groupings of residues and thereby
find ways of reducing the effective number of residues.
Results
A representative set of crystal structures was compiled
from the PDBselect25 database [10], which contains
structures sharing at most 25% sequence homology. We
made sure that side chain coordinates were defined and
restricted chain lengths to be greater than 50 and less than
500 residues long. In short we arrived at 1073 structures
and performed the statistical analysis on these. Residues
are held to be in contact if any of their respective side
chain atoms are within a given distance of each other.
Only residue pairs that are not neighbours along the chain
are considered in the analysis of intra-molecular contacts.
As explained above the contact propensities can be con-
verted to a distance matrix D(P). If this matrix is really a
measure of residue similarity then we should be able to
correlate it with an equivalent matrix constructed from an
evolutionary substitution rate matrix. In what follows we
will take PAM250 as the substitution matrix. In Figure 1a
we show the contour plots of D(S) in the top triangle and
D(P) in the bottom triangle for a contact cut-off of 4.5Å,
where the pearson correlation (r) is maximal, with r =
0.82. See additional table 1 for explicit values of P and
D(S). The correlation can be seen explicitly in Figure 2b.
The extent of correlation is roughly constant over a large
range of cut-offs (4~8Å) and only drops when the cut-off
is small and contacts are rare or when the cut-off is so big
that non-interacting residues are scored, see Figure 1c. We
expect that, due to the wide range of side chain sizes, a full
atom representation is more accurate than a centroid rep-
resentation and we find that the centroid D(P) is consist-
ently less well correlated with D(S), peaking at r = 0.64 for
a cutoff of 8Å, see Figure 1c.
We have defined inter-residue distances and this implies
that there must be a vector representation for the residues.
In this case the distance matrix will be  ,
where   are the residue vectors. Explicitly, the vectors are
defined such that   is minimal. When
these vectors are derived it becomes clear that Cysteine is
quite separate from the other residues in this property
space and this maybe due to the unique role played by
Cysteine in stabilising folds. Though it must be made clear
that the distance matrix is independent of the frequency of
an amino acid contacting its own kind and therefore does
not count Cysteine bridges in the structures. Without
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Cysteine the distance matrix can be projected onto a plane
i.e. the vectors can be taken to be two-dimensional and
this vector space is illustrated in Figure 2a. It is a reasona-
ble postulate that neighbouring residues share physical
characteristics and we see similar residue groupings in a
standard amino acid Venn diagram [11]. Indeed the vec-
tor grouping may serve as a way of reducing the effective
amino acid number [6]. It is illuminating to compare vec-
tor spaces derived from other statistical analyses. The sub-
stitution rate vector space Figure 2b is, as expected, similar
to that of the contact propensity vector space, though in
D(P) residues with opposite hydropathies tend to be fur-
ther apart. This is consistent with hydropathy playing a
pivotal role in protein folding. In contrast, the MJ energy
matrix vector space is shown in Figure 2c and here the res-
idues effectively lie on a line, which is in accordance with
Li et al [5], where the MJ matrix was shown to be domi-
nated by its principal eigenvector reduction. However, for
the contact propensity and evolutionary substitution rate
spaces, a lot of information is lost in such a linear projec-
tion and our analysis clearly points to a higher dimen-
sional representation of the residues. Nonetheless, to
make a concrete comparison of our vectors with existing
scalar representations of amino acid properties we are
forced to project our vectors onto a line. See additional
table 2 for the explicit vector components of the contact
propensity, substitution rate and MJ energy matrices.
The dominant driving force of folding, at least in defining
the crude fold, is hydrophobicity and it is apparent that
residues with similar hydrophobicities are grouped
together. It also seems that residues of similar size tend to
be close in this space. To make a direct comparison
between existing residue scales and our vectors we can
project the residue vectors onto a line. Here the amino
acid scalars, one-dimensional vectors, di are defined such
that   is minimal. We find that these
Comparison of the distance matrices derived from intra- molecular crystal contacts and from the PAM250 evolution- ary substitution rates Figure 1
Comparison of the distance matrices derived from intra-
molecular crystal contacts and from the PAM250 evolution-
ary substitution rates. In (a) D(S) is plotted in the upper trian-
gle and D(P) in the lower, larger distances correspond to 
lighter shades. We have scaled D to average unity i.e. <D> = 
1. It is apparent that the two matrices have a similar pattern. 
The correlation is shown explicitly in (b). The extent of cor-
relation varies with the contact cut-off distance and peaks at 
a cut-off of 4.5Å, see (c). When contacts are scored by resi-
due centroid proximity then the correlation is less strong, 
see (c).
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distance matrix derived scalars have a correlation of 0.65
with the Kyte-Doolittle hydrophobicity scale [12] and a
correlation of 0.53 with an amino acid volume scale [13].
It is clear therefore that the residue vectors capture a com-
bination of factors determining protein folding.
It is worth noting that a scalar reduction of the distance
matrix can be got by a principal eigenvector analysis. In a
principal eigenvector reduction of the contact propensity
matrix we have Pij = λeiej, where λ is the principal eigen-
value and ei is the principal eigenvector, and consequently
our distance matrix has a scalar representation,
. It is not surprising that the eigenvec-
tor is closely related to our scalar, in fact r(e,d) = 0.98.
There are many hydrophobicity scales in the literature
[14] and some are remarkably similar to our scalar amino
acid representation, for example r  = 0.95 for Wertz &
Scheraga scale [15]. However, the highly correlated scales
are derived from residue burial statistics in protein struc-
tures and are therefore not independent of our statistic.
Discussion
We have generated full atom residue:residue contact pro-
pensity profiles for intra-molecular interactions from a
non-redundant crystal structure database. Recasting the
contact propensity matrix as a distance matrix we see that
close residues are those with a low evolutionary substitu-
tion cost. The structure derived distance measures can
serve as additional scores when aligning proteins where
remote homologs share structural features. The distance
matrix led us naturally to derive effective residue vectors.
We found that residues sharing similar physical character-
istics, such as hydrophobicity and volume, are grouped
together. In contrast to the MJ matrix analysis, we find that
a scalar representation for the residues is inadequate to
capture the complexity of the propensity distance matrix.
The most successful scalar representation for the amino
acid residues has been the hydropathy scale. Representing
a sequence as a smoothed hydropathy profile through
wavelet analysis or simple averaging has resulted in many
effective analytical tools, such as periodic structure predic-
tion [16], remote homology analysis, helix prediction
[14], transmembrane prediction [17] etc. It is then proba-
ble that a higher dimensional vector representation of the
amino acids may lead to a more subtle sequence analysis.
The distance matrix may also serve as an additional tool
in sequence alignment as it gives one a measure of the
structural cost of residue mutation and this is an idea we
hope to pursue in a future study.
Conclusions
In this study we have shown that inter-residue distance
matrices and residue vectors allow us to make an explicit
connection between amino acid interaction preferences
observed in protein structures and amino acid evolution-
ary substitution costs. When problems are encountered
A two-dimensional representation of the amino acid vectors Figure 2
A two-dimensional representation of the amino acid vectors. 
The contact propensity distance matrix derived vectors are 
shown in (a) and it is clear that residues with similar 
hydropathies and sizes are grouped together. A similar vec-
tor space can be obtained from an evolutionary substitution 
rate matrix and this is shown in (b). The residue positions are 
similar in (a) and (b), but in (a) residues with opposite 
hydropathies appear to lie further apart. In contrast, the vec-
tor space derived from the MJ energy matrix appears to be 
roughly linear. Here, the residues group in essentially the 
same way as reported by Wang & Wang [6].
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with aligning structurally related proteins that are remote
homologs then the structurally defined distance matrix
may prove to be an effective supplement to existing sub-
stitution rate derived matrices. The distance matrix leads
naturally to an amino acid vector representation. Project-
ing the vectors onto a two-dimensional plane illustrates
ways in which the amino acids can be grouped and their
effective number thereby reduced.
Methods
The database used in the present study was compiled from
the PDBselect25 [10] list of representative proteins with
known crystal structure that share less than 25% sequence
homology. The structural coordinates were downloaded
by automated ftp from the NCBI protein data bank. All
programmes were written in C, compiled with
Metrowerks CodeWarrior and run on a PC. In brief, the
contact propensity statistics were compiled by reading the
amino acid sequence and atomic coordinates for the spec-
ified chain of each pdb structure file in turn. The number
of possible pairings of amino acid type i with amino acid
type j, Nij were counted together with the number of these
pairings corresponding to a pair with side chain atoms
within a given distance of each other, Cij. The contact pro-
pensity matrix is given by  . The residue vectors
were defined such that   is minimal. The
minimisation was carried out by a standard Newton-
Raphson steepest descent iteration.
Additional material
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Additional table 1
Contact propensities and distance matrix derived from the structural data-
base with contact cut-off set at 4.5Å.
Click here for file
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2105-5-153-S1.pdf]
Additional table 2
Two dimensional residue vector components derived from the contact pro-
pensity distance matrix, the PAM250 distance matrix and the MJ distance 
matrix.
Click here for file
[http://www.biomedcentral.com/content/supplementary/1471-
2105-5-153-S2.pdf]
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